This paper presents our research works on integrating disassembly sequence planning with cost model for end-of-life (EOL) product. This paper has two objectives. The first objective is to optimize disassembly sequence of the EOL product. We integrate a traveling salesman problem approach with genetic algorithm in finding the optimal disassembly sequence for disassembling the EOL product. Based on this optimal sequence, the second objective is to identify the best EOL option. We employ EOL profits and net present value of parts and subassemblies of the EOL product to determine the best EOL option of components and parts of the EOL product. The predicted results showed that the developed cost model has reached a good correspondence with the established methods.
Introduction
As the world population increases, the amount of waste generated at the end-of-life of products has become a severe problem in many countries. In response, producers devoted a considerable effort to demonstrate new methods and activities that reflect environmental consciousness in producing products. The rapid pace of technological changes within a short time renders some products obsolete even though they are still new and in an excellent condition. These products need to be processed in an environmentally benign and cost-effective manner. Most of the common practice is to treat these products with end-of-life (EOL) processes. These processes aim to minimize the amount of waste sent to landfills by recovering materials and parts of old or obsolete products by recycling and remanufacturing them (McGovern & Gupta, 2007; Kaebernick et al., 2002; ElSayed et al., 2010) . There are many attributes of a product that enhance product recovery. Examples of attributes include ease of disassembly, modularity, material used, efficient cross-industrial reuse of common parts and so on. Among these attributes, the crucial one is the disassembly (McGovern & Gupta, 2007) . Disassembly is a methodical extraction of valuable parts/subassemblies and materials from discarded products through a series of operations. After disassembly, reusable parts or subassemblies are cleaned, refurbished, tested and directed to the part or subassembly inventory for remanufacturing operations. The recyclable materials can be sold to raw-material suppliers while the residuals are sent to landfills. A disassembly process is relatively an expensive one, due to its labour-intensive nature (Kongar & Gupta, 2006) . Hence, finding a feasible solution and an optimal or near optimal solution is desirable. Disassembly sequence planning (DSP) is one of the methods that can provide feasible disassembly sequences of an EOL product.
Several researchers have focused their studies on the disassembly planning system (e.g. Zussman et al., 1994; Penev & De Ron, 1996; Xirouchakis & Kritis, 1997; Srinivasan & Gadh, 1998; Gungor & Gupta, 2001; Lambert & Gupta, 2005) . However, these authors presented theoretical studies and did not demonstrate practical applications. On the other hand, Ke and Henrioud (1994) , Henrioudet al.(1995) and Diniet al. (2001) presented their works on developing disassembly models based on graph-models such as adjacency graph, adjacency matrix, petri-net, AND/OR graph to represent product architecture, collect, and store relevant information of the EOL product. However, none of them discussed the optimization of the disassembly process. To cope with this limitation, we consider the genetic algorithm (GA) approach to find the optimal disassembly sequence.
Genetic algorithm has been gaining its popularity as it can provide a quick and cost-effective solution in finding an optimal or sub-optimal disassembly sequence. It involves the activities of encoding a defined problem into chromosome, evaluating the performance of chromosome based on the defined function of fitness, selecting the most optimal disassembly sequence via the operations of crossover, mutation and reproduction of chromosome. Hui et al. (2008) , Seo et al. (2002) and Li et al. (2005) employed GA to evaluate the optimal disassembly sequence. A penalty was assigned to the strings so that it can be eliminated in mutation process. However, the weakness of these approaches is that infeasible solution of disassembly sequence occurred during crossover and mutation process. To overcome this constraint, we incorporated a traveling salesman problem (TSP) method into GA.
TSP is a typical example of a non-deterministic polynomial time hard (NP-hard) problem. TSP aims at finding the shortest tour that passes through every city only once. In TSP, the disassembly task is modelled as a city that has to be travelled by a salesman. The most important task in TSP is to ensure that the salesman travels in a feasible route without violating the precedence relationship between disassembly operations. Hence, the TSP employed the precedence constraint to ensure that a salesman only travels to cities in a feasible sequence (Azab et al., 2011) . Several researchers presented their works on precedent constraint. Kusiak and Finke (1987) presented a branch-andbound algorithm method for the scheduling problem. Renaud et al. (2000) applied a heuristic approach to solve pickup and delivery TSP. Seo et al. (2001) employed AND/OR graph to maintain the feasible disassembly sequence. However, neither of these approaches can present an optimal disassembly sequence for the problem. To cope with this limitation, we used a topological sort (TS) concept in a directed graph, the advantage of which is to enable us to generate a feasible disassembly sequence without requiring any modification for the initial population and offspring generated in the mutation process.
In determining EOL alternative selection, many literatures presented results on economics of disassembly, costs, and revenues of EOL. Das et al. (2000) introduced disassembly effort index (DEI) to measure the ease of disassembly. Ayres et al. (1997) employed a product gain approach to determine an EOL option. Krikke et al. (1998) employed a dynamic programming algorithm to determine an optimal EOL option. Tang et al. (2004) employed a net present value (NPV) which takes into account the time value of money to evaluate the economic value of disassembly strategies. Ritchey et al. (2005) developed a framework to evaluate the remanufacturing options from the economical point of view. Tan and Kumar (2008) and Xanthopoulus and Iakovou (2009) used linear programming models to evaluated EOL options. However, none of these authors has considered the benefits of evaluating EOL options from the environmental perspectives. To cope with these limitations, we employed EOL values which integrate economical costs with environmental costs in selecting the best EOL options. Lee et al. (2001) incorporated both cost and environmental impact estimation into EOL disassembly chart model. Staikos and Rahimifard (2007) integrated AHP with benefit-cost analysis to find the most suitable EOL option. The disadvantage of these methods is that it requires even experienced decision makers to understand the problem and deal with the complexity of environmental assessment in finding the best EOL strategy. To overcome these limitations, we employed an EOL profit approach, which consider economical, environmental, and disassembly costs in finding the best EOL option. In summary, although many researchers presented their works on disassembly planning, few studies have been done on integrating an optimization tool such as GA of disassembly planning with economical and environmental cost factors for selecting the best EOL option of parts and subassemblies of an EOL product. Our address of disassembly optimization problem can be defined as follows: Given an EOL product, determine the optimal disassembly sequence in order to:
(1) Maximize the net revenue resulting from the benefits accrued from the recovery of parts and subassemblies, and (2) Minimize the costs incurred while disassembling the product or its components.
Realizing the importance of implementing an optimal disassembly and a cost-effective recovery of the EOL product after the end of its useful life, we extended the Stage II: part of selecting an EOL of parts and components presented by Ghazalli and Murata (2011) . In this extended work, we utilized the TSP-GA as an approach for determining the optimal disassembly sequence. Based on this sequence, we evaluate the selection of EOL options through the maximized net revenue (EOL profit). This paper is organised as follows. Section 2 presents an overview of the integrated TSP-GA with the EOL cost model. Section 3 presents the example of the application of the proposed method. In this section, the results of TSP-GA are compared with those of the established methods of Moon et al. (2002) and Kongar and Gupta (2006) .Additionally, the outcomes for selecting the best EOL options are corroborated with the works of Johnson (2002) and Ghazalli and Murata (2011) .In Section 4, we discuss the results. Finally, in Section 5, we draw conclusions and highlight directions for further research.
Integration of the TSP-GA for disassembly sequencing method

Overview of the integrated approach
The integrated approach is categorized into three types of assessments. The first assessment is aimed at finding the optimal disassembly sequence of product EOL using TSP-GA. The second and third assessments are aimed at finding the EOL value of parts and subassemblies of EOL product. Then, based on the integration of disassembly, economical and environmental costing, the EOL profits and net present values are assessed by finding the EOL options of parts and subassemblies of the EOL product. The outline of the integrated method is illustrated in Fig.1 . As shown in Fig. 1 , we begin the evaluation process by setting up the bill of material (BOM) of the parts and subassemblies of the product EOL. The BOM consists of the disassembly, economic and environment parameters. These parameters are used to identify the optimal disassembly sequence of an identified EOL product and to select the best EOL option for parts and subassemblies of the EOL product.
In the first step, we gather the information for disassembly assessment of parts and subassemblies of the EOL product. This information includes the disassembly time, tasks, orientations, tool used to disassemble parts and subassemblies and precedent constraints between parts to be disassembled. Next, we gather the information for economical and environmental assessments. This information includes the type of materials, labour rate, recycling rate, landfilling rate and so on. Details of information required for setting up the BOM are given in Table 1 . After setting up the BOM, we start the evaluation for determining the optimal disassembly sequence. We employ an integrated traveling salesman problem with genetic algorithm (TSP-GA) approach to find an optimal disassembly sequence. In TSP-GA, parts and subassemblies of the EOL product have been considered as cities. Additionally, the time to disassemble a part or subassembly from its adjacent part or subassembly has been set as a traveling distance from one city to another. A precedence constraint is employed to ensure that the TSP-GA generates a feasible disassembly sequence. Then, the evaluation of fitness function, the processes of crossover, mutation, and reproduction were assigned to evaluate and find the minimum value of feasible disassembly sequence. Fig.1 . Overview of the integrated TSP-GA-EOL cost model approach After the feasible disassembly sequence is optimized, the optimal disassembly costs of parts and subassemblies of the EOL product are generated. On the other hand, based on the information in BOM (see Table 1 ), we assess the economical and environmental costs. After that, we evaluate the EOL values of each part and subassembly of the EOL product. Then, the EOL profit and net present value (NPV) are obtained. The differences between EOL values and disassembly costs (calculated based on the optimal disassembly sequence) produce the values of EOL profit, which are used to generate NPV for parts and subassemblies of the EOL product. If the values of EOL profit and NPV for remanufacturing are equal to or less than zero, the parts or subassemblies under consideration should not be remanufactured. The parts are evaluated for recycling or landfill. If the values of EOL profit and NPV for recycling are equal to or less than landfill value, the parts or subassemblies are recommended for landfill. On the other hand, if the values of EOL profits and NPV for remanufacturing and recycling are equal to or less than zero, the parts or subassemblies should be considered for landfill. 
Disassembly assessment for determine the optimal disassembly sequence
To find an optimal sequence, we employ an integrated approach of TSP-GA. It comprises the following steps: Generate numbers of population chromosome (P) with the number of disassembly task (N), Identify the feasible routes for TSP, Evaluate the function of fitness of each chromosome, Select chromosomes through roulette wheel selection method, and Implement crossover, mutation and reproduction of offspring.
Generating the number of population chromosome for TSP
The initialization step consists of establishing initial chromosomes, probability of crossover and mutation. We employed a random permutation selection to generate the chromosomes. The integer from Task 1 to Task N is generated in random sequence. These chromosomes depend on the number of population (P). The size of population, probability of crossover (Pc) and mutation (Pm) were set to 150, 0.5 and 0.2, respectively.
Identifying the feasible route of TSP
The sequences generated in sub-section 2.2.1 normally do not satisfy the precedence constraints. Hence, a disassembly precedence constraint has been taken into account to ensure that sequences of disassembled parts of an EOL product (chromosomes) are in a feasible order. The topological sort (TS) method has been employed to transform the infeasible sequence of these chromosomes into feasible ones. The TS is an ordering of disassembly sequence in a directed graph of a precedence diagram. An example of direct graph of a precedence diagram is illustrated in Fig. 2 . The steps of TS for generating disassembly precedence sequence comprises investigating the available tasks of disassembly without a predecessor, selecting the disassembly task in earlier position and finally removing the edges from selected tasks. 
Investigating the disassembly tasks without predecessor
Assume that the structure of an initial generated chromosome is in the order of Task 7, Task 4, Task 8, Task 2, Task 3, Task 5, Task 1 and Task 6 ( 7 4 8 2 3 5 1 6 ). This chromosome is infeasible and does not satisfy the precedence constraint as shown in Fig.3 . In order to obtain the feasible solution, tasks without predecessor must be selected and stored in the available set (see Fig.3 ). For example, Task1 is the only task without a predecessor. Hence, it has been selected and stored in sequence.
Selecting tasks in earlier position
After the Task 1 has been stored in sequence, the Task 2, Task 3 and Task 4 are classified as the tasks without predecessor. We repeat the step in sub-section 2.2.2.1 by storing these tasks into availableset (see Fig. 3 ). Additionally, from these tasks, the Task 4 is the first to be found in the chromosome of 7 4 8 2 3 5 1 6 . Thus, it is selected as the second string to be stored in sequence. Hence, the tasks, which have been stored in sequence for the second iteration, are the Task 1 and Task 4( 1 4 .
Removal of edge from the selected task
After selecting Task 4, the outgoing edges from task 4 to task 7 are removed. The redefined availableset consists of Task 2, Task 3, and Task 7. The procedures from sub-section 2.2.2.1 to 2.2.2.3are repeated until the sequence reaches N.
Calculation of function offitness
The fitness function is performed based on the objective function. In this case, our aim is to minimize the total disassembly time. The objective function is represented as follows,
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where i and j represent the disassembly task (node) from Task 1 to Task N, and . The is the time of the disassembly action. The denotes the time penalty for each change of direction of node i during disassembly in node j. The denotes the time penalty for each change of disassembly method of node i in node j. If the disassembly method is changing from non-destructive disassembly to destructive disassembly from node i to node j, the disassembly sequence is penalized by one second. Otherwise, the disassembly sequence is not penalized. The is a decision variable constraint which is to ensure that the node is entered and exit from node i to node j only once. The , disassembly method and disassembly direction for the desk phone body are given in Table 2 , respectively.
Roulette wheel selection
The roulette wheel selection method is used to select parent chromosomes for regenerating the next chromosome. In this method, parent chromosomes are selected with a probability that is proportional to the fitness values obtained from the Eq. (1). The probabilities of selecting a parent can be seen as spinning a roulette wheel with the size of the segment for each parent being proportional to its fitness. For chromosomes that have a good performance of fitness, the chances to be selected are higher. The roulette wheel selection can be represented as follows (Xing et al., 2005; Razali and Geraghty, 2011) :
where f i is the fitness values of the parent chromosomes 1,2,3,…,N. The p i represents the chances of selecting the parent chromosomes i.
Crossover
We applied the moon crossover method for generating the two new offspring (Moon et al. 2002) . The procedure of moon crossover is depicted in Fig.4 . Procedure: Moon crossover Begin 1: Initialization: osp← null, k ← 0 2: Select two random chromosomes P a and P b , p a = g1 g2…gJand p b = q1 q2 … qJ; 3: Select two genes from p a at random. 4: osp← the substring between giand gjselected from pa. 5: if the length of osp = J then end 6:else Sub_ pb← the remaining substring from the deleting genes which arealready selected from pa 7: end if 8: while (length of osp ≠ J) do 9: if i = 1 then i = J+1; Fig.4 , the osp is the offspring that is generated from the crossover between the first parent of the chromosome (P a ) and the Sub_p b . The Sub_p b represents the offspring generated from the second parent of the chromosome(P b ). It is the remaining sub-string by deleting genes, which are already selected in P a . The g i and q k are the genes in the P a and the second chromosome (P b ), respectively. The moon crossover begins with initializing the osp and the numbers of genes in sub_p b .
Step 2 involves selecting the chromosomes of P a and P b at random. Assume that these chromosomes are P a = [5 1 7 2 4 6 3] and P b = [3 6 1 4 2 5 7].
Step 3 involves the selection of two genes from the P a . Suppose that the selected genes are the osp = [7 2].
Steps 5 through 7depict the procedure to produce the Sub_p b . In this example, we obtain the Sub_p b = [3 6 1 4 5] from P b . The Steps 8 through 25 are the procedures to add the g i and q k after the substring osp. After generated the Sub_p b , we select the g 2 = 1 and q 1 =3 from P a and P b , respectively because i=3-1and k=0+1.Also, i and k are the position of the offsprings in the osp and sub_p b, respectively. Hence, the offspring becomes osp= [1 7 2 3]. We repeat this procedure by adding the g 1 and q 2 to the offspring, and it becomes osp = [5 1 7 2 3 6]. Next, we select the g 7 = 3 and q 3 =1 from P a and P b . However, these genes have appeared in the osp, so we cannot add these genes into the osp. Finally, we picked q 7 = 4 and the offspring becomes osp= [5172364] . We can produce the second offspring osp= [3 6 1 4 5 7 2] by using the same procedures (Moon et al., 2002) .
Mutation
The mutation operator makes random change to one or more elements of the strings. The mutation is carried out with small probabilities (Seo et al., 2001) . In this study, we employed a swap mutation to the chromosome (Moon et al., 2002) . First, two strings in chromosome are selected randomly. After that, the position of the selected strings is swapped to create a new chromosome. The purpose of swapping string at random is to avoid local optimum (Moon et al., 2002) .
Economical and environmental assessment of parts and subassemblies of the EOL product 2.3.1 Overview the structure of the economical and environmental assessment
In this stage, economical and environmental costs were included for selecting the EOL options of parts and subassemblies of an EOL product. Fig. 1 illustrated the model for selecting the best EOL option. The EOL values of remanufacturing, recycling and land filling can be represented as follows (Lee et al., 2001; Ghazalli & Murata, 2011) :
Where the , , and represent the life-cycle costs to produce new part i, remanufacture, recycle and land fill part i, respectively. The miscellaneous, transportation, reprocessing, handling and storage costs of the EOL part i are represented by , , , and , respectively. The , and are the EOL values for remanufacturing, recycling and land filling of the EOL part i, individually. In order to reflect the environmental influence for selecting the EOL options of parts and subassemblies, Eqs. (5)- (8) were further elaborated as follows (Ghazalli & Murata, 2011) :
,
Economical cost of new parts
The economical cost of producing new parts is the cost of transforming a raw material into a finished product. It can be represented as follows:
where is the economical cost of producing a new part i, is the material cost of part i and is the operational cost of part i. The manufacturing cost includes the cost of manufacturing process, assembly, labour and overhead. Additionally, the operational cost comprises the cost of marketing, administration, distribution and so on (Kaebernick et al., 2002) .
Environmental cost of new parts
The environmental cost of producing new parts encompasses the costs of energy consumed to form a raw material into a finished product. It can be represented as follows:
where is the environmental cost of a material to produce part i, and is the environmental costs to manufacture part i.
Economical cost of remanufacturing parts
The economical cost of remanufacturing parts consists of the costs of disassembly, sorting, cleaning, refurbishing, testing and reassembly. It can be represented as follows:
where is the remanufacturing cost, , , , , and represent the time to disassemble, sort, clean, refurbish, test and reassemble of remanufactured part, respectively. is the labour cost.
Environmental cost of remanufacturing parts
The environmental cost of remanufacturing parts involves the costs of energy consumed for disassembling, sorting, cleaning, refurbishing, testing and reassembling the parts of the EOL product. It canbe represented as follows:
where Rem E is the total cost of energy used to remanufacturing part i, and theĖis the energy consumption rate per unit, kWh.
Economical cost of recycling parts
The economical cost of recycling parts can be represented as follows:
where is the material cost per kg, and is the material weight.
Environmental cost of recycling
The environmental cost of recycling parts cover the costs of energy consumed for disassembling, separating and shredding an EOL part. It can be represented as follows:
where is the environmental cost rate for recycling part i per kg.
Economical cost of land filling parts
The economical cost of land filling parts can be represented as follows:
where is the material cost per kg.
Environmental cost of land filling part
The environmental cost of land filling parts can be represented as follows:
where is the environmental cost rate for land filling part i per kg.
End-of-life profit and net present value assessment
In this stage, the EOL profit and NPV are included for evaluating the end-of-life parts and subassemblies of the EOL product. The difference between EOL value and disassembly cost are used to find the most suitable and profitable EOL options. The EOL profit can be represented as follows:
where is the cost to disassemble part i, is the labor time to disassemble part i from an EOL product and is the labour rate per hour($/hrs). and denote the cost of using tool(s) during disassembling part i and is the overhead cost of disassembled part i, individually. and are the EOL profits and net present values of remanufacturing, recycling or land filling (k) options, respectively. In addition, r and t present the discount rate and end-of-life time of the EOL product, respectively. If the V Rem , is higher than disassembly cost, the is more than zero, and the EOL profits of remanufacturing is higher than that of the recycling and land fill, the remanufacturing will be consider as an EOL option. If is lower than disassembly cost, the part or subassemblies under consideration should be further evaluated for recycling or land filling.
Result: Application of the numerical experiments
We examined the effectiveness of TSP-GA in finding the feasible sequence through numerical experiments. The algorithms of TSP-GA are coded in MATLAB. In the first experiment, we utilized the data from Kongar and Gupta (2006) to verify the effectiveness of TSP-GA by comparing it with the conventional GA. Table 3 shows a comparison of the optimal disassembly sequence between the proposed algorithms of TSP-GA and the traditional GA method (Kongar & Gupta 2006) . In the second experiment, we used the body of an office deskphone as an example of a case study to investigate the effectiveness of TSP-GA by comparing it with traditional TSP (Moonet al. 2002) .The diagram of the disassembly precedence constraint of a desk phone body is shown in Fig. 5 The TSP-GA is repeated for 500 generations. Table 4 shows a comparison of the optimal disassembly sequence between the proposed algorithms of TSP-GA and the established TSP method (Moon et al., 2002) . 6 shows the integrated TSP-GA algorithm can derive the optimal disassembly sequence which convergence with the increase of generation. After the optimal disassembly sequence has been determined, the EOL profit and NPV for every part and subassembly is evaluated. Table 5 shows the comparison of EOL profits, NPV and the recommended EOL options between the proposed method and the traditional methods (Johnson 2002 , Ghazalli & Murata 2011 . The agreement of the result obtained from the proposed cost model with that from previous conventional methods validates our cost model. The costs of procurement and remanufacturing are based on the percentages of the remanufacturing cost distribution shown in Fig.7 ( Sudin & Brass, 2005) . After discussing with a manufacturer, a discount rate, r, is set to15%. The end-of-life time, t, is defined as a duration from which the product is purchased until it no longer meets the original functions. In the case of a desk phone body, we obtained the t of the telephone from Rose (2000) which is 5 years. As some of the parameters are beyond our control, we used the following assumption taken from previous literatures. 1. The environmental cost of a remanufactured part was assumed to be 1% of the cost of a remanufactured part (Kaebernick et al., 2002) . 2. The environmental cost rate for C Envtrans was assumed to be $0.146 per ton-kilometre ($/tkm) (Anityasari, 2008) .
3. The labour and landfill costs were set to $20 per hour and $0.044 per kilogram, respectively (Johnson, 2002) . 4. The recycling rate of steel, lead (plumbum) and rubber were set to $0.90, $0.211 and $ 0.01 per kilogram, individually (Johnson, 2002; Anityasari 2008) . Additionally, the recycling rate for ABS, PVC and PP were set to $0.11 per kilogram each (Johnson, 2002) . 
Discussion
Comparing the generated optimal disassembly sequence between TSP-GA and established method, the total time of TSP-GA is better than the conventional GA (Table 3 ). The first four-disassembly sequence between TSP-GA and established method are in the same order. However, the result demonstrates that the disassembly sequences from the fifth to tenth sequence of TSP-GA are contradictory to the conventional GA. One possible explanation is that the TS used in TSP-GA repaired the infeasible route of disassembly sequences before it goes to the next steps. On the other hand, the conventional GA used the heuristic method in finding the feasible chromosomes, which required complex procedures (Kongar and Gupta, 2006) . As a result, TSP-GA presents the feasible disassembly sequence faster than the conventional GA. Fig.5 shows that the path of the disassembly precedence relation is complete if the path visits all the tasks, and it is feasible if it does not violate the precedence constraint. As shown in Fig. 5 , Task 31 is the non-predecessor task. As explained in the sub-section 2.2.2.1 through 2.2.2.3, this task must be disassembled first; then the new non-predecessor tasks are the Task 32 and Task 29. Therefore, either the Task 32 or Task 29 should be disassembled first. It shows that the Task 29 is the first to be found (see Table 4 ). Therefore, the following disassembly task is the Task 29 (refer to sub-section 2.2.2.2) and the redefined available set consists of the Task 28 and Task 32. This procedure continues until it thoroughly finishes disassembling all the vertices. Our finding shows that, the TS can be used to obtain all the feasible paths in the disassembly precedence diagram of the desk phone body (Fig. 5) . Additionally, it also suggests that the TSP-GA should utilize the TS to generate all the feasible chromosomes at the representation stage. Table 4 compares the proposed TSP-GA method with the conventional TSP method. The proposed method corresponds well with the conventional method. However, the sequence of chromosomes of the TSP-GA differs from the conventional TSP. A possible justification is that, in the TSP-GA, the TS utilized the disassembly precedence relationship (see Fig. 5 ) to generate the feasible chromosome. Additionally, at this stage, the TS also identified infeasible chromosomes and eliminated them. However, the conventional TSP indirectly generated the feasible chromosomes by comparing the priority among the tasks in the available set, which required very complex procedures. Additionally, the chances of chromosome to achieve the optimal solution is slightly low and time consuming as the Total remanufacturing breakdown chromosomes have to compare the highest priority among the tasks in the available set. Hence, the proposed TSP-GA shows more optimal disassembly sequence than the traditional TSP. As shown in Fig. 6 , our results demonstrate that the proposed algorithm starts with high distance of fitness at the initial generation. It gradually decreased when it reached the generations of 380. After 380 generations, the distance of fitness was stabilized to 150.26 seconds. On the other hand, the traditional TSP method started with a lower distance of fitness than the TSP-GA. The distance of fitness rapidly decreased until 100 generations. After 100 generations, it gradually decreased, and at the generation of 390, it generated an optimal disassembly sequence with a fitness of 151.87.The average of fitness between the proposed TSP-GA and the traditional TSP indicate no significance differences until 250 generations. However, after 250 generations, the TSP-GA and traditional TSP show a significance difference of average fitness. A possible explanation is that the TSP-GA maintains the genetic characteristics by selecting the disassembly tasks according to the initial position of chromosome. Additionally, the TSP-GA directly adopts the sequence of disassembly tasks as chromosomes, the advantages of which enable the changes of sequence to follow directly the genetic algorithm for a better solution.
Additionally, Moon et al. (2002) adopted a traditional TSP for generating an optimal sequence. Our approach and the traditional TSP are different in that all chromosomes were repaired to generate a feasible chromosome at the initial stage. In the traditional TSP, regardless of the feasibility, all chromosomes were used in the step of fitness evaluation, crossover and mutation. The chromosomes were repaired after the infeasible solution was found, which required complex procedures. Thus, the TSP-GA eliminated the iteration time to check and find the feasible chromosomes.
Another objective in this study is to find the most profitable revenue EOL options of parts and subassemblies of the EOL product. From the holistic point of view, the EOL profit of remanufacturing outperformed others (Table 5 ). This result indicates that it is more profitable to remanufacture these parts than to recycle or landfill from economical, environmental and disassembly perspectives. The EOL profit for landfill is always in deficit. For screws, display buttons, feature buttons and release button, the EOL profit of recycling is better than that of remanufacturing. In other words, the cost to disassemble these parts for remanufacturing and landfill is more expensive than that of recycling them. Additionally, the NPV of these parts shows deficits if remanufacturing process is selected as EOL options.
As shown in Table 5 , the NPV of remanufacturing outclassed that of recycling and landfill. All the parts and subassemblies of the desk phone body except the screws (part no. 3 and 8), shift button, feature button, release button, and volume control button, show that they are worthy of remanufacture rather than recycle or landfill. On the contrary, the NPV of remanufacturing for parts such as the screws (part no. 3 and 8), shift button, feature button, release button, and volume control button, show deficits. Additionally, we found that these parts express profit if the EOL option is recycling. The NPV will display insufficiencies if the EOL option of the parts and subassemblies of the desk phone body is landfill.
Our results demonstrated a good correspondence with the previous studies (Johnson, 2002; Ghazalli & Murata 2011 ; Table 5 ). Our finding, however, shows that EOL options of parts such as the shift button, and LCD panel#2 are contradictory to the cost model of AHP-CBR method (Ghazalli & Murata, 2011) and the conventional method (Johnson, 2002) and it is recommended to disregard the shift button. It seems that the manufacturer earns more profits by dumping these parts rather than remanufacturing or recycling them. As for LCD panel #2, our approach shows better EOL option than AHP-CBR cost model and the traditional method. One possible explanation is that the cost to disassemble this part for remanufacturing is lower than that for recycling and land filling. Additionally, NPV of this part demonstrates that it is better to remanufacture these parts rather than recycling or dumping them.
The selection of EOL alternatives in our integrated cost models is very homogeneous to the traditional method (Johnson, 2002) and the AHP-CBR cost model (Ghazalli & Murata, 2011) . A possible explanation is that we apply a similar strategy to these two methods. The differences between our proposed cost model from these two methods is that we consider the selection of EOL options from the EOL profits and NPV viewpoint, which represents economic, environment and disassembly perspectives. On the other hand, Johnson (2002) only considered an economical aspect for selecting EOL options. Additionally, Ghazalli and Murata (2011) integrated the economical and environmental cost factors for selecting EOL options. Our results demonstrate a good agreement with Lee et al. (2002) and Kaebernick et al. (2002) who pointed out that economical and environmental cost are the main elements of determining the EOL alternatives of parts and subassemblies of a product. Additionally, as pointed out by Tang et al.(2004) , NPV seems to act as a more efficient way of selecting the best EOL option of parts and subassemblies of an EOL product.
Conclusion
We extended the work of Ghazalli and Murata (2011) by introducing the TSP-GA to determine the optimal disassembly sequence of the EOL product. Based on this sequence, we conducted the evaluation of the EOL profits and NPV to find the best EOL options of parts and subassemblies of the EOL product. We examined the effectiveness of the proposed approach through the numerical experiments. The results showed that the TSP-GA corresponded well with the traditional TSP and GA methods. Additionally, the EOL profits and NPV showed a close correspondence with previous studies (Johnson, 2002; Ghazalli & Murata, 2011) . However, some additional issues should be addressed in future work.
Currently, the TSP-GA optimizes the disassembly sequence based on the disassembly time. Further studies should consider incorporating the environmental and economic trade-off within the TSP-GA.
That will link to a multi-objective optimization through trade-off analysis between economic, environmental and disassembly factors. It would also be attractive to incorporate an ergonomic analysis such as motion analysis of the disassembly sequence into the evaluation system.
